assignments: true or false (McBratney and Odeh, 1997) . Davidson et al (1994) identified the main disadvantages of land evaluation based purely on Boolean logic as follows:
(1) the masking of key and positive land properties by less important ones which may depress the overall suitability class; (2) the inability of the system to take into account the effect of properties which happen to have values near to the class boundary. Such phenomena may have a significant effect on results. Burrough et al (1992) have shown that, with this technique, a large number of suitable areas were rejected. This also occurred in the study of Heuvelink and Burrough (1993) .
The use of a CF model (with fuzzy set functions) in a geographic information system (GIS) offers some flexibility in spatial-based analytic procedures. According to McBratney and Odeh (1997) , fuzzy set theory has been used in land evaluation to solve problems related to ambiguity and vagueness, and to handle inexactness. When such a method is used within GIS, information sets from different formats can easily be integrated, spatial georeference of information is preserved, and the results of analyses may be presented in continuous grades and in more realistic forms.
In New South Wales (NSW), Australia, basic soil surveys on reconnaissance soil landscape mapping are being carried out by the Department of Land and Water Conservation (DLWC). The project is currently very active in the regions where development is likely to occur. The data inventory provides an aid to the formulation of land-use planning based on sustainable perspectives, and has become one of the major sources of soil information for use in a wide range of environmental studies in the state. The NSW soil data system, SALIS (Soil and Land Information System) has also been developed by DLWC staff to store soil survey information, at over 40 000 sites across NSW, on a spatial basis. However, it is generally acknowledged that use of soil landscape units as the basis for biophysical land-resource assessment is too restrictive, because a lot of variation occurs, particularly in relation to the slope within each mapping unit. In land-evaluation perspectives, such variation can be dealt with by using other available information such as a DEM within GIS.
The aims of this research project are three-fold. The first is to develop analytical procedures of land-suitability evaluation in sloping areas, by using the existing concept of fuzzy set methodology, with a particular emphasis on the Semantic Import model. The second is to show how the rigid soil landscape units could be dealt with by using developed techniques to establish detailed subdivision of land based on its qualities. The final aim is to demonstrate how this model can be implemented within GIS. The procedures described in the sections that follow are intended first to give some general overview about the existing land-evaluation system using fuzzy set methodology, followed by the method used in this project. The final sections then deal with application and model testing.
Fuzzy set methodology in land evaluation
Fuzzy set theory (Zadeh, 1965) has been widely adapted for use with environmental applications. It has been used for soil classification (McBratney and de Gruijter, 1992; Triantafilis and McBratney, 1993) , land-evaluation studies (Burrough, 1989; Burrough et al, 1992; Tang and van Ranst, 1992) , and has also been applied with GIS technology (for instance, Banai, 1993; Beinroth et al, 1998; Davidson et al, 1994; Wang et al, 1990) . A recent comprehensive review of the application of fuzzy sets in soil science is given in McBratney and Odeh (1997) . The central aim of using the fuzzy set classification technique is to give the solution to the problem that may occur when, as in using the Boolean set (crisp set), a membership value is expressed solely as being true or false (Burrough et al, 1992) ; in other words, being full (MF value 1) or none (MF value 0) (Davidson et al, 1994) . To summarize, there are three main aspects of differences between Boolean logic and fuzzy set methodology (adapted from Banai, 1993): (1) in the Boolean classification technique an ordinary set defines an exact boundary, whereas a fuzzy set permits flexibility in defining the boundary of the objects in the set; (2) only two possibilities exist in the Boolean technique: an element is either included or excluded, whereas in the fuzzy set a degree of closeness to the ideal point is considered in the inclusion; (3) unlike the fuzzy set technique, Boolean logic takes no account of partial membership of an element in a set.
There are two different but complementary approaches to grouping individuals into fuzzy sets or classes (McBratney and Odeh, 1997) . The first is based on fuzzy c-means (also known as fuzzy k-means). The fuzzy c-means and its modifications (for example, McBratney and Gruijter, 1992; Odeh et al, 1990; 1992) is one of the examples of a similarity relation (SR) model (Burrough, 1989) . The second approach is based on the semantic import (SI) model. This approach is comparatively simple to use, because it utilises an a priori membership function (MF) for individual variables under consideration (Burrough, 1989) . Use of an SI model for land-suitability evaluation can be seen in Burrough (1989) , Burrough et al (1992) , Chang and Burrough (1987) , and Davidson et al (1994) . With this approach, the attribute values considered are converted to the common membership grades (from 0 to 1), according to the class limits specified by the analysts based on experience or conventionally imposed definitions (McBratney and Odeh, 1997) .
With the SI model, the membership function of land attributes is calculated as follows:
where MF x i is the individual MF value for i th land property x , d is the width of transition zone (in other words, x at MF 0X5 or crossover point, CP), x i is the value of the i th land property x , b is the value of land attribute x at the ideal point or standard index. Equation (1) is used to determine the membership grades of land qualities with symmetric functions (Burrough and McDonnell, 1998; Burrough et al, 1992) , where only one ideal point or central concept exists. Other types of symmetric function also apply to the conditions where the central concept consists of a range of values (Burrough and McDonnell, 1998) . In the assessment of land qualities, there are also situations where only the lower or upper boundary of a class has practical importance (Burrough and McDonnell, 1998) . In such circumstances, an asymmetric function needs to be applied. An asymmetric left function is used for the lower boundary of a class, whereas an asymmetric right function is employed for an upper boundary. In the former, MF x i 1 if x i 5 b; and in the latter MF x i 1 if x i 4 b (Burrough and McDonnell, 1998) .
In the evaluation procedure, the MF x i is assessed simply by selecting the optimum (or central concept, b) value or a range of values or category classes (in this instance, b 1 and b 2 ) of the model, in other words at MF x i 1, and the crossover point (x at MF x i 0X5). The value for d (the parameter governing the shape of the function) can be determined by using equation (1) for MF x i 0X5. At this point, d is equal to (x i À b). The crossover point (CP) can be either at lower (LCP) or upper (UCP) position depending on the model selected. Both LCP and UCP exist when the function is symmetric, whereas if the function is asymmetric, then the model has only either LCP or UCP for asymmetric left or asymmetric right, respectively. For further detail, readers are referred to the fuzzy set models used in land evaluation presented in Burrough et al (1992) and Burrough and McDonnell (1998) .
The MF values of land characteristics under consideration are then combined by using a convex combination function as follows:
where JMFX is the joint membership function for all variables, l i is the weighting factor for the i th land property x , MF x i is the membership grade for the i th land property x , n is the number of attributes considered within property x. It is important to note that the fuzzy set models presented in Burrough et al (1992) and Burrough and McDonnell (1998) take the sigmoidal form or the bell form of membership functions, which include symmetric, asymmetric left, and asymmetric right functions. Very similar models have also been introduced by Leung (1988) and Wymore (1993) . Wymore (1993) developed four discrete trends of standard scoring functions (SSF)öoptimum range, more is better, less is better, and undesirable rangeöwhereas Leung (1988) used C1-type, C2-type, and C3-type functions to represent a constraint set for spatial analysis and planning. A symmetric function here may correspond to optimum range by Wymore (1993) , and C3-type by Leung (1988) , whereas asymmetric left and right functions correspond to less is better and C1-type, and more is better and C2-type, respectively. However, a curve pattern for an undesirable range function (Wymore, 1993) öin other words, the opposite form of optimum range oneörarely occurs in land-quality performance.
A proposed method
Based on the premise that a soil system consists of the two main components of internal and external groups of environmental variables, the decision criteria used need first to be subdivided into two main groups: internal and external variables. The former include soil profile characteristics (such as texture, solum depth, available water capacity, pH, cation exchange capacity, and so on), whereas the latter are those of landform elements and topographic attributes. Such soil characteristics are usually delimited by`hard boundaries' of soil mapping units in conventional soil maps, but an external variable such as slope may be represented as continuous values when a digital elevation model (DEM) is used. Therefore, in the proposed model two information layers are used: a soil layer which portrays a hardened boundary of selected soil attributes, and a topographic layer derived from a DEM. This implies that a continuous representation of topographic elements in a DEM can, by spatial overlay, be used to refine soil mapping units, because one particular soil unit may well have considerable slope variations. In landscape modelling, such a division process is called multiattribute mapping' (Dewar et al, 1996) . Subdivision of soil units by using a DEM for land-resource-assessment purposes can be done in two different ways. The first is to overlay a slope gradient layer (derived from DEM) or multiattribute map with a soil landscape map to derive a soil sublandscape map, before assessing the capability or suitability of each sublandscape unit for a given purpose (Dewar et al, 1996) . The second is to assess the potential of each`unit' (or data cell) for a given purpose, in both map layers, before they are integrated to derive a final map of land suitability. In situations where GIS is employed, and assuming that a conventional soil map is used, the unit for slope (as derived from raster DEM) is a single data cell, whereas that for soil attributes is a group of cells which constitute a soil mapping unit. With this latter technique, a continuous function may be used to enable integration of both information layers. This latter approach is the one adopted in this study. The schematic analysis procedure developed in this study is depicted in figure 1 (adapted from Baja, 2001; Baja et al, 1999 ).
In the analytical procedure, each land attribute within the two groups of variables (internal and external) is first independently examined and rated (with values ranging from 0 to 1.0) using an appropriate fuzzy set model (as detailed in the previous section). Land attributes within each group are then combined by using a convex combination function, which permits trade-offs between land attributes. Here, a very high MF value for one factor may compensate for a low MF value for another factor. In the conventional limiting condition approach, the most limiting characteristic (or, in this instance, the factor with the lowest MF value) will determine the overall suitability in the classification, irrespective of the presence of many other factors with a good suitability rating. Furthermore, although it is widely recognised that, for example, overcoming low organic matter is far easier or less costly than making an attempt to improve soil texture or soil depth, use of such a convex combination with criterion weights is more appropriate to enable trade-offs between MF values (see Chang and Burrough, 1987; Davidson et al, 1994 ) of land attributes under consideration.
A multiplicative function is then employed between groups (in other words, JMFs) of land characteristics (soils and topography), following the principles of limiting condition-based land evaluation introduced by Sys (1985) , to produce land-suitability indices (LSIs). As indices (or, in this instance, JMFs) ranging from 0 to 1.0 are used, multiplication of two or more variables will result in an index which is lower than either of the original values. This concept is detailed in the theoretical framework for land evaluation presented in Rossiter (1996) . Other widely used systems that adopt such principles are given in Pierce et al (1983) and Storie (1978) in the assessment of the productivity index and the Storie index rating (SIR), respectively. In the case of sloping areas, use of such principles reveals that a land area (or cells) with very steep slope Agricultural land-use potential in sloping areas(or low JMF for slope) cannot be compensated for by an excellent quality (or high JMF) of soils, or vice versa (see also Sys, 1985) . The LSIs are expressed in continuous values, ranging from 0 (very poor or not suitable) to 1.0 (excellent or highly suitable).
The multiplicative function is derived on the basis of a cell-by-cell operation in a raster GIS, as follows:
where LSI (landuse p ) indicates land index for specified land-use type at cell p, JMF(I p ) denotes the JMF value of internal variable (soils) I at cell p,
is a corresponding JMF value of external variable (slope) E at cell p. Figure 2 shows how such an operation is applied to both I and E layers in GIS. Again, equation (3) implies that the most limiting factor will govern the final index of land suitability.
Nevertheless, it should be pointed out that the use of convex combinations in soil attributes rating is not always feasible, particularly when one of the criteria used gives a severe limitation which makes it extremely difficult to improve with available technology. In other words, the biophysical constraint is so severe as to preclude land improvement. Therefore, a threshold value of each soil attribute for the region between where the function is not applicable (with severe limitation) and where the function is applicable can be implemented. With such situations, the land-use (crop) requirements and limitations need to be carefully examined in the establishment of evaluation criteria. Guidelines for these threshold values are widely available (see, for instance, FAO, 1979; Moore, 1998; Sys, 1985; van Gool and Moore, 1998) .
Furthermore, as soil attributes may vary according to depth (vertical dimension), it is also necessary, in the rating procedure, to consider soil attribute variation in soil layers (horizons or soil materials). Therefore, equation (1) will take the following form 
where m i is the membership value of soil attribute i for each SMU,
is the membership value of soil attribute i for each soil layer calculated by using equation (1), j is the j th soil layer, m is the number of soil layers under consideration. The membership value of each soil attribute for a given soil landscape is then calculated from the averaged values of the respective soil layers (soil materials) under consideration. The exception is made for organic matter and cation exchange capacity, where only a topsoil value was considered for land suitability assessment (as proposed by Koppi, 1991; Zhang, 1989) . Below topsoils, both soil properties are of little use for crop development.
4 Linking land attributes with fuzzy set models: some examples By using existing knowledge, it is possible to select appropriate fuzzy set functions for land attributes under consideration. For example, very low and very high values of soil pH are limiting for most agricultural applications, and the optimum values (in other words, central value, b, with MF value 1.0) might range from slightly acid to neutral or slightly alkaline, depending on the crop types. Therefore, with the SI model a symmetric function (optimum range) is most appropriate for deriving MF for soil pH. Soil texture can also be rated by using the same function. With a similar rule, an asymmetric left model, or`more is better' is used for calculating membership values for soil depth, base saturation, cation exchange capacity, and organic matter. For land variables, which have increasing limitation as their values or levels increase, it would be suitable to use an asymmetric right model or`less is better'. Examples are slope Sys (1985) , where b and CP can be associated with his optimal and marginal values, respectively (see table 1). It is important to point out that the selection of LCP (for asymmetric left function) and UPC (for asymmetric right function) is based on the knowledge that at either of these two points the land properties considered are at a critical value or are level in terms of their effect on productivity and sustained use of the land. floribunda, Angophora costata, Doryphora sassafras, and Ceratopetalum apetalum (Benson, 1992) . Scattered blocks of residential sites exist, mainly along the main roads, except in North Richmond where considerable rural residential development has taken place.
The mean annual rainfall recorded in Richmond is 860 mm, with the wettest months occurring from January to March and the driest from July to September. Considerable variation occurs in daily temperature. The mean daily maximum ranges from 22.8 to 40.7 8C (in January and February), whereas mean daily minima range from 3.6 to 13.4 8C (in July and August). Unlike daily temperature, relative humidity exhibits small variation throughout the year.
Various geological structures exist in the study area (Jones and Clark, 1991), notably Triassic [Wianamatta group (Rw), Hawkesbury sandstone (Rh)], Tertiary^London-derry clay (T1), and Quaternary formations such as Alluvial plains (Qa), Cranebrook formation (Qpc), Aeolian deposits (Qpa), and so on. These formations occur in two distinct physiographic regions: the Cumberland Lowlands and the Blue Mountains Plateau. The complex nature of geology in the study region gives rise to various geomorphic classes and soil types. Soils were originally developed from five different landscape groups: residual, colluvial, erosional, alluvial, and aeolian deposit (Bannerman and Hazelton, 1990).
6 Land-utilisation type (LUT) and evaluation criteria Land-suitability evaluation for cropping was tested by using the proposed model. It is assumed that land cultivation for cropping uses mechanised technology, as is practised in the study region. A similar classification of LUT has also been adopted by van Gool and Moore (1998) to establish land-evaluation standards for land-resource mapping.
As many as nine soil characteristics (internal land variables, I ) and slope gradient (external variables, E ) were selected as evaluation criteria. Internal land attributes include available water capacity (AWC); soil texture and structure; solum depth; soil drainage; cobbles, boulders, and stones (CBS); cation exchange capacity (topsoil) (CEC); soil pH; organic matter (topsoil) (OM); and salinity (electrical conductivity). To implement the fuzzy set models as discussed above, these land attributes were defined and structured to generate decision criteria or evaluation criteria, as seen in table 2 (over). These decision criteria were adapted and modified from the widely used land-evaluation criteria proposed by Sys (1985) , and those proposed by Koppi (1991) and Zhang (1989) for land-suitability evaluation in New South Wales.
Criterion weightings
In using a convex combination operation [equation (2)], care must be taken in the selection of criterion weights because the weights can have a major effect on results. In land-suitability evaluation, criterion weights may be determined by using the following guides and considerations: (1) existing knowledge on the difficulty or costs required for the improvement of particular soil properties, when such properties have become limiting factors for a given purpose (see FAO, 1976) ; (2) information on the dynamic nature of soil attributes (see Coleman et al, 1992; Halvorson et al, 1997) ; (3) local issues regarding soil characteristics affecting soil quality; (4) guidelines from the available land-evaluation schemes (FAO, 1979; Sys, 1985) ; (5) regression coefficients of the relationship between land characteristic and yields from the crop types considered (as suggested in Tang and van Ranst, 1992); and (6) agronomic advice from local experienced agronomists or soil scientists (an example is given by Pereira and Duckstein, 1993). With equation (2), land-attribute weights are, in essence, nonfuzzy numbers, but they must sum up to 1. One or more of the above considerations [(1) to (6)] should be taken into account when determining the magnitude of attribute weights (see attribute weighting in the use of fuzzy set for land evaluation and environmental application in Burrough (1989) ; Chang and Burrough (1987) ; Davidson et al (1994); and Urbanski (1999) .
Based on the above considerations, as well as consultation with local soil scientists, soil attributes used were then grouped into three levels with fuzzy labels, and attributes within each group were weighted equally. The three groups of soil properties were then ranked according to their importance in descending order, as follows:
Group I (very important)ösoil texture and structure, effective depth, and salinity; Group II (important)ösite drainage, AWC, and CBS; Group III (less important)öOM, CEC, and soil pH.
A decision was made to implement a twofold difference between these ranked groups, and the following weights were then produced: group I (l 0X57), group II (l 0X29), and group III (l 0X14). This implies that the importance of soil attributes from group I is twice as high as that of group II, and four times that of group III. The reason is related to the knowledge on the levels of difficulty or costs that may be required for the improvements of such attributes, when they become the limiting factors (see FAO, 1976) . Atkinson (1991, page 119) has defined soil landscape as``a tract of land with relatively uniform landform pattern, climate, parent material and soil classes''. Each soil landscape consists of several soil materials. Soil materials may correspond to soil horizons and stratigraphic units, and Atkinson (1993) describes them as soil layers of essentially uniform characteristics or entities, which have both a degree of homogeneity and lateral continuity across the landscape. The study area consists of 12 different soil landscapes with 46 soil materials (table 3 and figure 4). Soil data layers were first digitised from the 1:100 000 scale soil landscapes map, Penrith Sheet, and all the necessary attribute data sets were input into GIS.
Digital elevation model (DEM)
A 3-second DEM was used to derive a slope gradient layer. The raster-based DEM with a cell size of 3 seconds (lat-long-based) was first resampled in GIS to 50 by 50 metre cells and rectified to the Australian Map Grid (AMG) coordinate system (within the Universal Transverse Mercator, UTM Zone 56S).
Assumptions
Several basic assumptions and conditions were set up for this model application.
Climate factors. Climate factors are not considered in this model application, and are assumed not to be a limiting factor. A result of a study on climatic suitability assessment for a number of crop types, conducted by Zhang (1989) , shows that for the study area, climate factors are not limiting for most types of agricultural land use.
Slope factor. Slope gradient is the only criterion used as an external land variable (E ), which assumes that other types of topographic factors are not significant constraints for agricultural land use in the study area.
Solum depth. Ideally, in land-suitability evaluation, effective rooting (soil) depth is used rather than solum depth because soils with a deep solum (A and B horizons) may have some layers (such as, petrocalcic, or other types of pans) that are restrictive to rooting growth. However, such information may be available only in surveys at a detailed scale. In this study, it is thus assumed that solum depth is sufficient for a measure of effective soil depth.
Fuzzy set model parameters
One of the crucial stages in using a fuzzy set function for land-suitability evaluation is to determine the values of model parameters such as b (ideal point or central concept), LCP (lower crossover point), UPC (upper crossover point), and d (width of transition zone) (see table 4). Categorical rankings for soil attributes, which are given in ordinal numbers, can be seen in table 5 (adapted from Bannerman and Hazelton, 1990) . The central value, b, of each decision criterion is based on optimal level (or limitation degree 0) of land property for each land-use type (see table 2) .
The values or levels for LCP and UCP parameters are arbitrarily selected, but mostly are taken from an average value of properties with a limitation degree equal to 2, as indicated in Koppi (1991) and Zhang (1989) . For instance, b and UCP (in other words, asymmetric right function) values for slope gradient used to evaluate cropping are 2 and 12.5%, meaning that a slope gradient of 2% or less would receive a membership value of 1. Such a UCP value is close to the marginal slope value of 10%, as recommended by DLWC (Keith Emery, personal communication, 2000) . Likewise, for the same land-use type, b and LCP (in other words, asymmetric left function) for available water capacity (AWC) are 20 and 12.5%, respectively. A value of 20% was taken from the lower boundary of optimum sufficiency of AWC for assessing à productivity index' (Pierce et al, 1983 ).
Calculating fuzzy membership grades and LSIs
Individual membership values were calculated by using equations (1) and (4). Two types of data are recognised: cardinal and ordinal (categorical). Textual information was converted to an ordinal number before calculating its membership grade. For example, a parameter for soil pH is represented as cardinal value, whereas that for drainage is in ordinal number. Furthermore, given the nature of categorical data representation for soil texture and structure as shown in table 2, the limitation degree as provided in Koppi (1991) is then used to determine d and CP of these criteria. Like other criteria, a limitation degree of 2 (moderate) was selected as CP. The results of fuzzy set classification can be expressed as follows:
Limitation degree, MF texture & structure f0, 1X0, 1, 0X80, 2, 0X5, 3, 0X31, 4, 0X20g . This expression reveals that for texture and structure with a limitation degree of 0, membership value of these properties will be assigned as 1.0; for those with a limitation degree of 1, the membership value would be 0.80; and so forth.
Once the membership values of soil attributes have been determined, the JMF is then calculated by using equation (2). Here a relative weight of each land attribute, as described earlier, is employed.
Further, determination of membership values for slope gradient is done in cell-bycell based operations in GIS. If, for instance, [S p ] denotes slope gradient (%) of cell p in the slope layer, then equation (1) takes the form:
For example, to determine membership values of slope for cropping, the algorithm used will calculate the slope cells according to the pattern of fuzzy set model as shown in figure 5 . Note that slope gradient is the only criterion used to represent external variable, I ; hence
To calculate the overall land-suitability index (LSI) for selected land-use types, a multiplicative function [equation (3) Figure 6 also depicts a comparison between CF-based land-suitability evaluation [figure 6(a)] and CS method [figure 6(c)]. It is obvious from such visual comparison that use of a CF method is important in the identification of land quality in greater detail. Further, an attempt was also made, by using a raster GIS, to examine the relationships between LSIs (from this model) and their corresponding categorical classes obtained by applying the limiting condition approach as introduced in FAO (1976) .
Comparison with Boolean classification
The FAO system uses a limiting condition approach, and utilises five categorical classes: S1 (highly suitable), S2 (moderately suitable), S3 (marginally suitable), N1 (currently not suitable), and N2 (permanently not suitable). For the purposes of this comparison, classes N1 and N2 were grouped as N (not suitable). The evaluation procedure involves`matching processes' between land unit (in other words, soil landscape mapping unit) data sets and the table of evaluation criteria. Thus, the procedure undertaken was straightforward once both information sets were available.
The results of the cross-comparison analysis can be seen in suitability-category classes worsen. Furthermore, the statistical figures also show a greater variability of LSIs in the areas having lower agricultural suitability classes, as indicated by the standard deviation. It is noticeable that the higher (in other words, the better) the suitability classes, the less is the LSI variability. The reasons could be summarised as follows:
(1) Land-suitability classification with a categorical system will allow only a high rating to be placed on land which has no significant constraints. Consequently, land areas with high suitability classes commonly have less variation.
(2) Land-suitability evaluation with a categorical system is unable to take into account slope variability in detail. With such a method, slope angles are generally given as an averaged value for each mapping unit. Accordingly, when a DEM is employed (as demonstrated in the present study), land units with slope constraints will show a lot of variation, compared with the value derived using a categorical system. (3) Also, the increasing standard deviation for lower quality classes shows that the CFbased method is revealing parcels of higher quality embedded within land that, using a Boolean approach, would be considered as uniformly poor.
10 Discussion and conclusion Although this model implements fuzzy set functions as employed in some previous studies (Burrough, 1989; Burrough et al, 1992; Davidson et al, 1994) , it is different in how the evaluation criteria and procedures are structured. In this study, both internal and external land attributes are assessed individually, before being integrated by using a multiplicative function. The significance of a DEM is also obvious in this study, particularly in presenting slope gradient, and hence its membership values in continuous grades. The advantages of using continuous methods of land evaluation have been addressed in the previous sections. The specific characteristics of the model developed in this study can be summarised as follows. Methodology and information derived. The model integrates two important land variables: soils and topography. With this model the danger of full trade-offs between these two groups of variables can be avoided, because they were rated and evaluated separately, before being integrated in one function (multiplicative operation). In other words, one variable with a poor index cannot be compensated for by another one having a good index. Furthermore, as continuous methods were used (by using fuzzy set methodology) the qualities of land as well as the results of the rating procedure were presented as continuous grades. Consequently, spatial variability of land quality can be better represented [ figure 6(a) ].
Compatibility. One of the important products of land-suitability evaluation is the information about the major constraints of land for a nominated land use (FAO, 1976) to enable improvement of these limiting land attributes to be planned. Therefore, the presentation of continuous grades or indices of land suitability (such as LSIs) should be accompanied with information on the specific limitations of each land unit. Such situations can be dealt with within GIS, where land attributes and their ratings are well preserved in the attribute database which is topologically linked to the information layer. In conventional land-evaluation techniques, soil mapping units are usually employed as physical boundaries defining the biophysical constraints to the nominated land-use types. Examples can be seen in figures 4 and 6, where LSIs for a possible development of cropping are quite variable within individual mapping units (see, for instance, Lucas Heights, Gymea, Blacktown, Picton, and Luddenham soil landscapes), ranging from 0.18 to 0.88. Here, the limitations on land area with a lower LSI are CEC for Lucas Heights, CBS for Gymea, soil depth and slope for Picton, and slope for some areas of Luddenham. Likewise, it is obvious that even though the landscape is relatively flat on the Tertiary terrace (alluvial systems), the sandy texture property of Agnes Banks has limited the area for the development of agricultural crops.
Flexibility. For updating purposes, subdivisions of soil landscape units (figure 4) into more detailed mapping units can possibly be made based on LSI information, as seen in figure 6(a) . This indicates the significance of the present model as an aid to micromapping. Furthermore, in the GIS environment, LSIs with fuzzy boundaries can be subject to various database manipulations. They can be`hardened' in many different ways, or can serve as an input to other resource-based models. The model is also flexible in terms of the number and types of decision criteria used. Accordingly, it can then be used for the assessment of the land resource for other purposes, such as forestry and urban development.
Regarding the reliability issue, it has been indicated that up to this stage, the LSIs produced have been found to be consistent with the widely used FAO system. Nevertheless, further detailed study is planned to examine the relationships between LSIs and the production from one particular big farm, with the assumption that types of land management applied to every land unit are similar. In addition, for study at a detailed scale, further field observation is needed to examine appropriate values of fuzzy set model parameters such as LCP or UCP and b. Similar work has been done by Pierce et al (1983) to develop a productivity index model.
